
1. Introduction
Rice is a food staple for more than 4 billion people around the world (CGIAR, 2022). The rice yield is highly sensi-
tive to temperature and water stress throughout the growing season (Lesk et al., 2016). Rice yields have become 
less stable due to the increasing climate extremes (Alizadeh et al., 2020; Qing et al., 2022; Raymond et al., 2022), 
raising serious concerns associated with rice price volatility (Iizumi et al., 2013; Tigchelaar et al., 2018; B. Zhang 
et al., 2023) and food insecurity (Battisti & Naylor, 2009; Qi et al., 2022; Zscheischler & Fischer, 2020). Thus, 
recent studies investigated the impacts of climate extremes on crop yield reduction, such as heatwaves (Lobell 
et al., 2013; You et al., 2023; C. Zhao et al., 2017), droughts (Dietz et al., 2021; Hendrawan et al., 2022; Leng & 
Hall, 2019), and extreme rainfalls (Fu et al., 2023; Li et al., 2019).

Previous studies highlighted that compound events (two or more extreme events occur simultaneously or in 
succession) have even more destructive impacts on crop yields than individual extremes (H. Chen et al., 2023; 
Zscheischler et al., 2018, 2020), such as compound hot-dry extremes (Hamed et al., 2021; Lesk et al., 2021, 2022; 
Ribeiro et al., 2020; Zampieri et al., 2017) and compound hot-dry-wind extremes (H. Zhao et al., 2022). Particu-
larly, the sequential occurrence of hydrological extremes (e.g., dry-to-wet extremes) could lead to more complex 
consequences (Qing et  al.,  2023). Such compound extremes have been observed to either enhance (Dodd 
et al., 2015; Linquist et al., 2015) or diminish crop yields (Xiong et al., 2018; R. Zhu et al., 2020). The sequence 
of dry/wet extreme occurrences trigger varying degrees of complex responses, defined by diverse and occa-
sionally contradictory signaling pathways. Consequently, the ultimate yield impacts of climate extremes reflect 
intertwined physiological responses to multiple facets of the climate (Lesk et al., 2022).

For example, in 2017, Sri Lanka experienced the most severe drought in 40 years, which was then compounded 
by the worst torrential rains in 14  years. This sequence of events led to devastating floods and landslides, 
causing a 40% reduction in rice production and leaving approximately 900,000 people facing food insecurity 
(FAO, 2017). Similarly, a severe drought was followed by massive flooding in Pakistan's Singh province in 2022, 
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resulting in a 31% decrease in the rice harvest (Kunbhar, 2022). These flooding incidents exemplify the extreme 
consequences of excessive wet conditions. These news emphasize the devastating consequences of dry-to-wet 
extremes. However, there has been limited effort to conduct an in-depth investigation of potential impacts of 
dry-to-wet extremes on crop yields at a global scale, especially within the context of climate change. Despite 
the expected increase in the occurrence of dry-to-wet extremes in a warming climate (H. Chen & Wang, 2022; 
H. Chen, Wang, & Wang, 2020; H. Chen, Wang, Zhu, & Zhang, 2020; Swain et al., 2018; Tan et al., 2023), the 
absence of clear evidence for the impact of dry-to-wet extremes on crop yields has rendered crop modelers to 
overlook their potential effects.

This study aims to provide a comprehensive assessment of regional hotspots and dynamic evolution of compound dry 
and wet (CDW) extremes during the rice-growing season, based on the ERA5 data set and the weekly Self-Calibrated 
Palmer drought severity index (scPDSI). We will quantify the risk of rice yield loss caused by CDW extremes by 
using a copula-based model, based on gridded yield observations. The copula-based models are powerful tools for 
assessing the probabilistic impacts of compound extremes on crop yields at a global scale (Feng et al., 2019). Our 
findings will provide significant implications for better understanding potential impacts of CDW extremes on rice 
yield, contributing to the advance in rice yield modeling and enhancing the resilience of rice production systems.

2. Data and Methods
2.1. Rice Yield Anomaly

The Crop Calendar Data set provides relatively accurate planting and harvesting dates for each rice cultivation 
globally, with a spatial resolution of 0.5° (Sacks et  al.,  2010). Here, the rice-growing season, defined as the 
number of weeks between the seeding (planting date, Figure S1a in Supporting Information S1) and maturity 
week (Figure S1d in Supporting Information S1), remains consistent within each growth cycle during 1981–2016 
(Figure S1e in Supporting Information S1). CDW extremes occurring during the critical growth stages of rice 
can significantly influence rice yield (see a detailed description of how rice yield responds to extreme events in 
Text S1 in Supporting Information S1).

The crop calendar is also utilized in the development of the Global Data set of Historical Yield (GDHY) for major 
rice and secondary rice yields (Iizumi & Sakai, 2020), providing a global data set of gridded rice yields for the 
period of 1981–2016, with a spatial resolution of 0.5°. The GDHY data set comprises agricultural census statis-
tics and satellite remote sensing, which has been widely used as a primary source in recent global crop-climate 
studies (Hamed et al., 2021; Hendrawan et al., 2022; Kim et al., 2021; P. Zhu et al., 2021).

The relative yield anomaly (yt) is calculated for each grid cell, as shown in Equation 1. The anomaly represents 
the difference between the actual yield (Yt) and the expected yield (Ut), divided by the expected yield (Ut).

𝑦𝑦𝑡𝑡 =
𝑌𝑌𝑡𝑡 − 𝑈𝑈𝑡𝑡

𝑈𝑈𝑡𝑡

 (1)

where Yt is the rice yield value (tons per hectare, t/ha) and Ut is the expected yield value (t/ha) at year t. Ut is estimated 
based on a locally weighted scatterplot smoothing regression (LOESS). LOESS is one of well-known de-trending 
methods for studying crop yields (Jägermeyr et al., 2021; Troy et al., 2015), which allows us to filter out the overall 
yield increase resulting from technological advances, improvements in seeds, rising CO2, and other environmental 
factors (Figure S3 in Supporting Information S1; Hendrawan et al., 2022; Ye et al., 2015; Lu et al., 2017). The yield 
loss is defined as relative yield anomalies below −10% of the expected yields (yt < −0.1; Ben-Ari et al., 2018).

This study focuses on the top 20 rice-producing countries (Table S1 in Supporting Information S1), which play 
a crucial role in the global food market and security (Lobell et al., 2013; Matiu et al., 2017). These countries 
collectively account for 87% of total rice production globally during 1981–2016. Therefore, any rice yield loss in 
these countries could significantly affect global food trade and food security.

2.2. Identification of Compound Dry and Wet Extremes

Gridded daily precipitation and temperature were obtained from the ERA5 data set with a spatial resolution of 
0.25° for the period of 1981–2016. We utilized the ERA5 data set for our primary analysis, and tested the sensi-
tivity of our results (see a detailed description and evaluation of the three data sets in Text S2 in Supporting Infor-
mation S1) using the Climate Prediction Center (CPC) Unified V1.0 (M. Chen et al., 2008) and Multi-Source 
Weighted-Ensemble Precipitation (MSWEP) V2.2 (Beck et  al.,  2019). Weekly averages of precipitation and 
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temperature were then calculated for the rice-growing season (Figure S1e in Supporting Information S1). These 
climate variables were interpolated to match the 0.5° resolution of the GDHY crop yield data set, so as to examine 
the relationship between climate variables and crop yields at a global scale.

The weekly Self-Calibrated Palmer drought severity index (scPDSI; Palmer, 1965; Wells et al., 2004) has been 
widely used to examine crop-climate interactions (Venkatappa et al., 2021; X. Zhu & Troy, 2018). A detailed 
calculation of scPDSI can be seen in Text S3 in Supporting Information S1. The scPDSI value of −2 was used as 
the threshold to identify dry weeks, while the scPDSI value of +2 was selected as the threshold to identify wet 
weeks (Venkatappa et al., 2021). Specifically, wet extreme was defined as the wet event with the longest duration, 
representing excessive moisture conditions for rice growth. Similarly, dry extreme was defined as the dry event 
with the longest duration, indicating the most severe water deficit condition for rice growth (see a detailed selec-
tion of wet and dry extremes in Text S4 and Figure S3 in Supporting Information S1).

For the occurrence of dry and wet extremes during the rice-growing season, the climate conditions can be classified 
into four categories: normal condition, individual dry extremes, individual wet extremes, and CDW extremes (includ-
ing dry-to-wet extremes and wet-to-dry extremes). We defined three primary features of CDW extremes: transition 
rate, duration ratio, and frequency (Figure 1). Transition rate represents the ratio of weeks (∆t) between the termi-
nation of dry (or wet) extremes and the onset of wet (or dry) extremes to the total number of weeks  throughout the 
rice-growing season. Duration ratio is the ratio of the number of weeks for CDW extreme duration to the total number 

Figure 1. Schematic for the identification of compound dry and wet (CDW) extremes throughout the rice-growing season. 
The bar represents the weekly Self-Calibrated Palmer Drought Severity Index (scPDSI) value. Dry/wet events are detected 
when the weekly scPDSI exceeds/falls the predefined threshold. Dry (wet) extreme is defined as the dry (wet) event with the 
longest duration during a specific rice-growing season (Figure S3 in Supporting Information S1). ∆t represents the weeks 
of transition between dry extreme and wet extreme during a specific rice-growing season. (a) Dry-to-wet extreme is defined 
when dry extreme occurs prior to wet extreme within the rice-growing season. (b) Wet-to-dry extreme is defined when wet 
extreme occurs prior to dry extreme. (c). Flowchart showing the key stages of rice growth throughout the growing season.
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of weeks throughout the rice-growing season, which combines the durations of dry and wet extremes. Frequency 
indicates the total number of years experiencing CDW extremes (dry-to-wet or wet-to-dry extremes) in each grid cell.

2.3. Definition of Yield Loss Risk

We used a copula-based model to estimate the potential impacts of dry or/and wet extremes on rice yields during 
the rice-growing season. Copulas are well suited for accurately capturing extreme events such as drought and 
floods since they can effectively treat the tails of the distribution (B. Zhang et al., 2022). Therefore, the proba-
bilistic assessment of the impacts of climate extremes on rice yields can be conducted based on the conditional 
distribution of the severity of dry or wet extremes. Here, we considered five commonly used bivariate copula 
families (Table S2 in Supporting Information S1) to fit the joint probability distribution between the severity of 
dry extremes (d), the severity of wet extremes (w), and the relatively yield anomaly (y).

𝜌𝜌𝑑𝑑𝑑𝑑𝑑𝑑 (𝑑𝑑𝑑𝑑𝑑𝑑 𝑑𝑑) = 𝜌𝜌𝑑𝑑(𝑑𝑑) ⋅ 𝜌𝜌𝑑𝑑(𝑑𝑑) ⋅ 𝜌𝜌𝑑𝑑(𝑑𝑑) ⋅ 𝐶𝐶(𝑑𝑑𝑑𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑𝑑𝑑) ⋅ 𝐶𝐶(𝑑𝑑𝑑 𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑𝑑𝑑) ⋅ 𝐶𝐶(ℎ(𝑑𝑑𝑑 𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑𝑑𝑑)𝑑 ℎ(𝑑𝑑𝑑 𝑑𝑑𝑑 𝑑𝑑𝑑𝑑𝑑𝑑𝑑)𝑑 𝑑𝑑𝑑𝑑𝑑𝑑𝑑|𝑑𝑑) (2)

where ρd(d), ρw(w), and ρy(y) are the marginal distributions of d, w, and y, respectively. C represents the copula 
density. θd,w, θd,y, and θw,y|d represent the parameters of bivariate copula; the h-function is the conditional proba-
bility distribution function.

The conditional cumulative probability P(.|.) is determined using the canonical vine (C-vine) and the drawable 
vine (D-vine) structures (Alidoost et al., 2019; B. Zhang et al., 2022). Each bivariate copula in the vine struc-
ture has one parameter related to Kendall's t correlation between the severities of dry and wet extremes and the 
relative yield anomaly. We estimated the copula parameters using the maximum likelihood estimation method. 
An appropriate structure was then identified using the sequential maximal spanning tree algorithm (Dißmann 
et al., 2013) based on the Akaike's Information Criteria (Akaike, 1974). When the vine structure is determined, 
2,000 simulations is generated based on the values extracted from the severity of dry extremes, the severity of 
wet extremes, and the relative yield anomaly. Thus, the conditional cumulative distribution function of yield loss 
(yt < −0.1) under CDW extremes can be expressed as:

𝑃𝑃 (𝑦𝑦| 𝑑𝑑𝑑𝑑𝑑) =
𝜕𝜕𝜕𝜕𝑦𝑦𝑑𝑑𝑑|𝑑𝑑 (𝑃𝑃 (𝑦𝑦| 𝑑𝑑)𝑑 𝑃𝑃 (𝑑𝑑| 𝑑𝑑))

𝜕𝜕𝑃𝑃 (𝑑𝑑| 𝑑𝑑)
= ℎ

[
ℎ(𝑦𝑦𝑑 𝑑𝑑𝑑 𝑦𝑦𝑑𝑑𝑑𝑦𝑦)𝑑 ℎ(𝑑𝑑𝑑 𝑑𝑑𝑑 𝑦𝑦𝑑𝑑𝑑𝑑𝑑)𝑑 𝑦𝑦𝑑𝑑𝑑𝑦𝑦|𝑑𝑑

]
 (3)

The inverse form of Equation 3 can be used to estimate the risk of yield loss caused by CDW extremes based on 
probabilistic model simulations:

�̂�𝑦 = 𝑓𝑓 (𝑑𝑑𝑑𝑑𝑑𝑑 𝑑𝑑) = 𝑃𝑃 −1

𝑦𝑦

{
ℎ−1

(
ℎ−1

( 𝑑𝑑|ℎ(𝑃𝑃𝑑𝑑(𝑑𝑑)|𝑃𝑃𝑑𝑑(𝑑𝑑)𝑑 𝜃𝜃𝑑𝑑𝑑𝑑𝑑)𝑑 𝜃𝜃𝑑𝑑𝑑𝑦𝑦|𝑑𝑑)|𝑃𝑃𝑑𝑑(𝑑𝑑)𝑑 𝜃𝜃𝑑𝑑𝑑𝑦𝑦
)}

𝑑 𝑑𝑑 ∈ (0𝑑 1) (4)

where τ indicates random probability levels (e.g., τ = 0.01, 0.1,…, 0.9); P indicates cumulative marginal func-
tions. To improve the reliability of model results, Markov Chain Monte Carlo simulations were used to generate 
multiple (e.g., 500) samples of τ from the uniform distribution U(0,1).

3. Results
3.1. Hotspots and Trends of CDW Extremes

Figures S4 and S5 in Supporting Information S1 present the frequency of occurrence of CDW extremes based 
on weekly scPDSI during the rice-growing season from 1981 to 2016. A prominent spatial cluster with a higher 
frequency of CDW extremes in the top 10 rice-producing countries, including China, Brazil, Peru, Myanmar, 
India, Indonesia, Nigeria, Laos, Colombia, and Viet Nam. Wet extremes in Brazil and Nigeria exhibit a higher 
frequency than CDW extremes, while dry extremes are more frequent than CDW extremes in Nigeria, Myanmar, 
Laos, and Viet Nam. Specifically, CDW extremes can be further divided into dry-to-wet and wet-to-dry extremes. 
A higher frequency of occurrence of dry-to-wet extremes is found in North China and South Brazil (Figure S5 
in Supporting Information S1). Meanwhile, more frequent wet-to-dry extremes are observed in South China and 
North Brazil (Figure S5 in Supporting Information S1). These findings provide insights into the hotspots of CDW 
extremes in the key rice-producing regions.

To assess of the temporal variation in the frequency of extreme events, we implemented a time series of moving 
windows approach (ranging from 13 to 23 years). The slope of the ordinary least square regression of these sensi-
tivities against time was considered as the temporal trend in frequency. Across the period of 1981–2016 in global 
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rice croplands, Figure S6 in Supporting Information S1 shows a significant increasing trend in the frequency 
of dry-to-wet extremes (R 2 = 0.92, p < 0.01), wet-to-dry extremes (R 2 = 0.81, p < 0.01), and dry extremes 
(R 2 = 0.92, p < 0.01). Conversely, wet extremes (R 2 = 0.92, p < 0.01) show a significantly decreasing trend. 
These results align with the findings of Y. Zhang et al. (2023) and Tan et al. (2023), showing an upward trend in 
the consecutive occurrence of droughts and floods over China and global land area, respectively. It is thus crucial 
to investigate the impact of CDW extremes on rice yield since CDW extremes show an increased trend but there is 
currently a lack of adaptation and mitigation strategies to reduce the impact of CDW extremes on rice cultivation.

3.2. Impacts of CDW Extremes on Rice Yield

To evaluate the significant rice yield loss during CDW extremes occurrence, we utilized a Superposed Epoch 
Analysis (SEA; Text S5 in Supporting Information S1). SEA is used to investigate whether rice yield anomalies 
during CDW extremes significantly differ from random variability. The most prominent yield loss response, at 
−0.29 (t/ha) relative to the 5-year pre-event mean, occurs during CDW extremes (Figure S7 in Supporting Infor-
mation S1). This indicates that the yield responses during CDW extremes are lower than what would be expected 
by random variability. In addition, since the relative yield anomalies under different dry and wet extremes 
exhibited non-normal distributions (Figure S8 in Supporting Information S1), we performed a non-parametric 
Kruskal-Wallis test (Kruskal & Wallis, 1952), as shown in Figure 2a. The Kruskal-Wallis test (Text S6 in Support-
ing Information  S1) is used to determine if there are significant differences in the medians of relative yield 
anomalies under CDW extremes, wet extremes, and dry extremes. The median values of −2.27 (t/ha × 10 −3), 
−2.25 (t/ha × 10 −3), −0.438 (t/ha × 10 −3), and 4.386 (t/ha × 10 −3) were derived for relative yield anomalies under 
CDW extremes, wet extremes, dry extremes, and normal condition, respectively. The difference between these 
groups is statistically significant (p < 0.001). In comparison, the yield anomalies under CDW extremes are the 
largest, followed by wet extremes and dry extremes. This aligns with previous studies that have reported a greater 
sensitivity of rice yield to dry-wet transitions compared to consecutive dry or consecutive wet conditions (Gao 
et al., 2019; Huang et al., 2019; Xiong et al., 2018; R. Zhu et al., 2020).

Figure 2. (a) Estimated effects of compound dry and wet (CDW) extremes, wet extremes, dry extremes, and normal 
conditions on relative rice yield anomalies (t/ha). (b) Estimated effects of CDW extremes with different duration ratios (i.e., 
the ratio of the number of weeks of CDW extreme duration to the total number of weeks in the rice-growing season) on rice 
yield. (c) Estimated effects of CDW extremes with different transition rates on rice yield. Black line represents the error bars 
from 5% to 95% confidence interval. (d) Spatial distributions of the average effects of CDW extremes on rice yield from 1981 
to 2016. Gray color represents the spatial extent of rice croplands where CDW extremes are not observed.
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Figure 2b shows the yield effects of CDW extremes with varying duration ratios (i.e., the ratio of the number of 
weeks for CDW extreme duration to the total number of weeks throughout the rice-growing season). Figure 2c 
presents the yield effects across different transition rates. The impact of CDW extremes characterized by higher 
transition rates on rice yield becomes more complex and significantly uncertain. Notably, CDW extremes, char-
acterized by prolonged durations and more rapid transitions between two extremes, have a more pronounced 
adverse influence on rice yield. Similarly, the longer durations of wet and dry extremes could intensify the nega-
tive impact on rice yield (Figure S9 in Supporting Information S1).

Figure 2d shows the average yield anomalies under CDW extremes during the rice-growing season from 1981 to 
2016. Generally, over 84% of global rice croplands experienced a negative impact from CDW extremes, primarily 
concentrated in the northern regions of China, Myanmar, Nigeria, Peru and Colombia. This pattern aligns well 
with the average yield anomalies under CDW extremes among the ERA5, MSWEP, and CPC precipitation data 
sets (Figure S10 in Supporting Information S1). The hotspot pattern, characterized by CDW extremes occur-
ring more frequently, intensifies the negative impact on rice yield, resulting in yields lower than expected. In 
addition, about 90% of global rice croplands experienced a negative impact from wet extremes (Figure S11a in 
Supporting Information S1), which aligns with previous studies reporting that wet extremes can reduce rice yields 
(Fu et al., 2023; Jian et al., 2020; Li et al., 2019). However, about 74% of global rice croplands exposed to dry 
extremes experiences a smaller impact compared to areas affected by CDW extremes and wet extremes (Figure 
S11b in Supporting Information S1).

3.3. Risk of Yield Loss Under CDW Extremes

To further assess the response of rice yield loss to CDW extremes, the risk of rice yield loss (yt < −0.1, relative 
yield anomalies below −10% of the expected yields) caused by CDW extremes is estimated using a copula-based 
model (Section 2.3). Figures 3a–3c show the spatial distributions of the risk of rice yield loss under CDW, wet, 
and dry extremes, respectively. CDW and dry extremes pose risk to more than 73% of global rice croplands, while 
wet extremes affect around 90% of global rice croplands. Specifically, a higher risk of yield loss under CDW 
extremes is found in the northern part of China, Bangladesh, and Pakistan, surpassing the risk caused by indi-
vidual wet and dry extremes. The spatial patterns remain consistent even when risks are assessed using MSWEP 
and CPC data sets, with discrepancies observed particularly over the southern regions of China (Figure S12 in 
Supporting Information S1).

Figure 3d and Figure S13 in Supporting Information S1 show the area-weighted risk of yield loss under CDW, 
wet, and dry extremes across global and top 20 rice-producing countries. It reveals that nearly all these countries 
face double the risk of yield loss under CDW extremes compared to individual wet and dry extremes. Conversely, 
Spain and Mali exhibit the highest risk of yield loss under dry extremes (Figure S13 in Supporting Informa-
tion S1). These results reveal the variations in yield loss risk under dry and wet extremes across different regions, 
highlighting the complexity of compound extremes and their diverse impacts on rice yield (Li et al., 2019). Over-
all, the risk of rice yield loss caused by CDW extremes is twice as high as the risk from individual wet (median 
6.5%) and dry extremes (median 5.3%), with median values reaching as high as 12.8%.

Figure S14 in Supporting Information S1 displays the risk of yield loss caused by CDW extremes during shorter 
growing seasons (e.g., May-October in the northern part of China). CDW extremes affect approximately 41% of 
global rice croplands during the tillering-maturity growing season (Figure S14a in Supporting Information S1) 
and 14% during the panicle initiation-maturity growing season (Figure S14b in Supporting Information  S1). 
Notably, the doubled risk of yield loss caused by CDW extremes, in comparison with individual wet and dry 
extremes, remains consistent regardless of the duration of rice-growing season (Figure S14c in Supporting 
Information S1). As these results are insensitive to the duration of rice-growing seasons, our study focuses on the 
seeding-maturity growing season.

Figure 4a displays the risk of rice yield loss caused by dry-to-wet extremes, revealing higher risks in the north-
ern part of China, southern part of Brazil, and Nigeria. By contrast, Figure 4b illustrates the risk of rice yield 
loss caused by wet-to-dry extremes, showing higher risks in the southern part of China and the northern part 
of Brazil. The strong spatial complementarity might be attributed to the specific rice-growing seasons in these 
regions (Figure S1 in Supporting Information  S1) and dry and wet extremes are controlled by the temporal 
variation in seasonal precipitation (Guo et al., 2020; Wang et al., 2008). Generally, dry-to-wet extremes pose 
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risk to about 55% of global rice croplands, which is a larger proportion compared to the 37% of global rice 
croplands  affected by wet-to-dry extremes. In addition, Figure 4c and Figure S15 in Supporting Information S1 
present the area-weighted risk of yield loss caused by dry-to-wet extremes and wet-to-dry extremes across global 
and the top 20 rice-producing countries. Major rice-producing countries, including China, Brazil, India, Indo-
nesia, Nigeria, Laos, Colombia, and Viet Nam, exhibit a higher risk of yield loss caused by dry-to-wet extremes 
compared to wet-to-dry extremes. Overall, the risk of yield loss caused by dry-to-wet extremes (median 14.5%) 
is 43% higher than the risk associated with wet-to-dry extremes (median 10.1%).

4. Discussion
Huang et al. (2019) demonstrated that the responses of root and yield related traits in rice to drought-flood abrupt 
alternation were not simply the additive effect of drought alone and flood alone; instead, there existed interactions 
(positive/negative compensation) between them. It is thus important to note that CDW extremes with shorter 
durations and slower transition rates (Figures 2b and 2c) can be considered as a practice similar to alternate 
wetting and drying (AWD) in rice cultivation. AWD involves intentionally allowing the soil to dry out periodi-
cally between irrigation events, resulting in mild wet-to-dry water fluctuations typically lasting from 1 to 10 days 
(R. Zhu et al., 2020). Previous studies have shown that AWD can positively impact rice growth and improve 
water management (Darzi-Naftchali et al., 2017; Dodd et al., 2015; Linquist et al., 2015; H. Zhang et al., 2009). 
Therefore, it is crucial to differentiate between the mild fluctuations in soil water conditions within a reasonable 
range (from 1 to 10 days), and more severe CDW extremes occur at a monthly scale (lasting for at least 30 days). 
This study highlights that, during the rice-growing season, more severe and prolonged CDW extremes can have 
detrimental effects on yield compared to mild fluctuations in soil water conditions (Figures 2b‒2c). Moreover, 
AWD is a human-controlled irrigation practice that regulates the alternation between short wet and dry periods, 

Figure 3. Spatial distributions of the risk of yield loss under (a) compound dry and wet (CDW) extremes, (b) wet extremes, 
and (c) dry extremes. Gray color represents the spatial extent of rice croplands where dry or wet extremes are not observed. 
(d) Area-weighted risk of yield loss across global and top 10 rice-producing countries. The percentages of red, green, 
and yellow represent the median values of risk of yield loss caused by CDW extremes, wet extremes, and dry extremes, 
respectively. The boxes represent the 25th and 75th percentiles. The whiskers represent 99% of the risk of yield loss.
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while CDW extremes are uncontrollable climate extremes, leading to more complex and unpredictable impacts 
on rice production.

To calculate yields constrained by water supply, we also assessed yield fluctuations under different irrigation 
patterns based on the MIRCA2000 (Portmann et al., 2010) and SPAM2010 (Yu et al., 2020) irrigated data sets 
(see Text S7 in Supporting Information S1). As anticipated, rice croplands with higher irrigated ratios exhibit 
minimal impacts of CDW extremes on relative yield changes (Figure S16 in Supporting Information S1), indi-
cating a lower sensitivity to these extremes owing to the prevalence of irrigation. The results of dry extremes are 
similar to those of CDW extremes. Conversely, irrigation shows a minimal contribution to reducing yield loss 
caused by wet extremes. Moreover, the impact of irrigation on rice yield under CDW extremes varies signif-
icantly among the top 10 rice-growing countries (Figure S17 in Supporting Information S1). This highlights 
the  complex influence of these extremes on rice production, despite the role of irrigation in mitigating the sensi-
tivity of rice yield to water variability stress.

However, additional factors (e.g., hot and cold conditions) may be embedded within the worst-case scenarios. Hot 
and cold extremes are defined as the 95th and 5th of the weekly temperature during the rice-growing cycle in each 

Figure 4. Spatial distributions of the risk of rice yield loss under (a) dry-to-wet extremes, and (b) wet-to-dry extremes. 
Gray color represents the spatial extent of rice croplands where compound dry and wet (CDW) extremes are not observed. 
(c) Area-weighted risk of yield loss across global and top 10 rice-producing countries. The percentages of orange and green 
represent the median values of risk of yield loss caused by dry-to-wet and wet-to-dry extremes, respectively. The boxes 
represent the 25th and 75th percentiles. The whiskers represent 99% of the risk of yield loss.
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grid. In comparison, the yield anomalies under CDW extremes coupled with back-to-back hot and cold extremes 
show the greatest losses, followed by CDW extremes coupled with cold extremes, CDW extremes coupled with 
hot extremes (Figure S18 in Supporting Information  S1). Similarly, the yield anomalies under wet extremes 
coupled with back-to-back hot and cold extremes are most severe. Generally, CDW extremes combined with 
back-to-back hot and cold extremes create the worst-case scenario and result in the largest yield losses. Results 
for wet extremes and dry extremes align closely with those for CDW extremes.

Our study provides new insights into CDW extreme-induced mechanisms of rice yield losses at a global scale 
and thus acts as an essential complement to field experiments (Hoover et al., 2022; Xiong et al., 2018; R. Zhu 
et al., 2020). The latter allows for a direct control of water and heat variables but is necessarily restricted to 
a few locations and has until now only sparse coverage of rice croplands. Therefore, experimental bottom-up 
and top-down regression approaches are both necessary to elucidate crop response under climate change 
(Schauberger et al., 2017). The proposed copula-based model allows examining probable yield responses to dry 
and wet extremes across a wide spatial area. Our results show that the CDW extremes are an under-appreciated 
risk to rice production in the world's rice production areas, and such risk should be further investigated using the 
process-based crop models.

Our study has certain limitations. First, accurately quantifying farmer adaptation strategies in response to dry 
and wet extremes remains challenging. Future research could explore this by conducting surveys or utilizing 
social-economic data to gain insights into the adaptive measures employed by farmers. In addition, dry and 
wet extremes adversely affect various physiological functions of rice, prompting the plant to acclimate to these 
unfavorable conditions (Bhandari et al., 2023). Physiological traits in rice (e.g., stomatal conductance, leaf water 
content, and photosynthetic rate) can exhibit variations in response to these extremes, depending on rice type, 
growth stage, and regions (Lesk et al., 2022). Genetic breeding of crops implies that specific crops may develop 
different tolerance levels (Bin Rahman & Zhang, 2022). Different croplands may cultivate various varietals of the 
same crop with varying abilities to withstand these extremes.

5. Conclusions
This study investigates the hotspots of CDW extremes over global rice croplands and their impacts on rice yield 
from 1981 to 2016. Specifically, we examine the impacts of CDW, wet, and dry extremes on rice yield, which 
play a crucial role in advancing our understanding of back-to-back dry and wet extremes and in developing risk 
mitigation strategies.

Our findings reveal that CDW extremes exert the most significant influence on yield anomalies compared to 
individual wet and dry extremes. The CDW extremes, characterized by the prolonged duration and rapid shift 
between dry and wet extremes, exhibit a notable adverse impact on rice yield. The risk of rice yield loss caused by 
CDW extremes is twice as high as the risk from individual wet and dry extremes. The nearly double risks posed 
by CDW extremes in comparison to individual dry or wet extremes underscore the importance of assessing the 
impact of these compound extremes.

Globally, there is a relatively high frequency of CDW extremes in key rice-producing regions for the period of 
1981–2016, encompassing countries such as China, Brazil, Peru, Myanmar, India, Indonesia, Nigeria, Laos, 
Colombia, and Viet Nam. This trend indicates an increased frequency of CDW extremes across global rice crop-
lands. Various types of CDW extremes affecting rice yield differ across regions. Dry-to-wet extremes predomi-
nantly affect North China and South Brazil, while wet-to-dry extremes affect South China and North Brazil. The 
observed spatial differences may be attributed to specific rice-growing seasons in these regions and the temporal 
variation of seasonal precipitation (Guo et al., 2020). Global rice croplands face a 43% higher risk of yield loss 
due to dry-to-wet extremes compared to wet-to-dry extremes. These findings should draw the attention of rele-
vant professionals, urging them to implement adaptive strategies in response to these compound extremes in a 
warming climate.

Data Availability Statement
All datasets used in this study are publicly available. The crop calendar dataset is available at Sacks et al. (2010). 
The Global Dataset of Historical Yield (GDHY) for major rice and secondary rice yields is available at Iizumi 
& Sakai. (2020). The ERA5 dataset is available at Hersbach et al. (2020). The Climate Prediction Center (CPC) 
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Unified V1.0 is available at M. Chen et al. (2008) and Multi-Source Weighted-Ensemble Precipitation (MSWEP) 
V2.2 is available at Beck et al. (2019). Relevant processed data is stored at H. Chen (2023).
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